INTRODUCTION
Tobacco breeders are interested in developing vanettes with desirable smoke characteristics suitable for the production of cigarettes. In future breeding programs, tobaccos will have to be analyzed and routinely screened for more chemical constituents than at present. Near-infrared spectrophotometry (NIR) can be used to increase the rapidity with which the level of chemical constituents in tobacco can be determined {1, 3, 5) . It offers the advantage of allowing several chemical constituents to be determined simultaneously, whereas most automated colorimetric systems can only be used to measure a few chemical constituents at the same time with the same set-up. The need for a rapid method for determining polyphenols in tobacco is essential as these are important indicators of leaf composition which may be precursors of biologically active smoke constituents, such as phenols and related compounds. The major polyphenols in tobacco are chlorogenic acid and rutin (7) with chlorogenic acid being 750/o-95°/o of the total. Zane and Wender- (9) have shown that catechol is a pyrolytic product of chlorogenic acid. This study was conducted to determine the potential of computerized NIR spectroscopy for determining total polyphenols in tobacco. Block diagram of computerized spectrophotometer for reflectance measurements. 
Samples and Chemical Analysis
The samples were collected over a period of four years from 1973 through 1976. Seventeen cultivars of fluecured tobacco from eight locations in Virginia, North Carolina, South Carolina and Georgia were used in these investigations. Leaves were selected from three stalk positions: bottom, middle, and top. After removing the midribs, the lamina was dried to 2 °/~t--30/o moisture and ground in a Wiley mill with a 1 mm mesh screen. The total polyphenol contents of 238 samples were determined with a Tedmicon AutoAnalyzer by the calorimetric method of Williamson (8) In addition to the total polyphenols in tobacco, chlorogenic acid, rutin and caffeic acid (obtained from Sigma Chemical Co.) were scanned to show the relationships of the spectra of pure polyphenols and tobacco at wavelengths selected by the stepwise multiple linear regression (SMLR) model for predicting levels of total polyphenols.
N ear-l nfrared Spectrophotometry
Two grams of dry, ground tobacco, as used for wet chemistry analysis, were placed in a Technicon solidsample holder for scanning on the computerized NIR spectrophotometer. Each sample was scanned in the reflectance (R) mode and the spectrum was stored on floppy disks. Each reflectance spectrum was made up of 1700 discrete data points, the points spaced one nanometer apart along the wavelength axis from 0.9 to 2.6 micrometers. Furthermore, each data point was the • Statistical analyses consisted of development of the multiple linear regression prediction model and predicting unknown samples.
•• MPA = moving-point average smoothing.
+ PS = a derivative technique achieved by truncation of the Taylor Series expansion of the spectral function.
average of 2000 15-bit analog-to-digital conversions, a technique employed to reduce random electronic noise.
Three alternate representations, log {1/R), d R/R d i.., and d 1 (log (1/R))/ d ' J. . 2 , were computed for each spectrum and treated as shown in Table 2 . All three representations were computed from the 21-point movingpoint-average (MPA) smoothed reflectance spectra (1) . The first and second derivative spectra were computed by means of a truncated Taylor Series representation of the spectral data function (6) . A stepwise multiple linear regression program was developed that could use up to 2000 independent variables in a memory-limited environment {2). This program was used to develop the relationship between the polyphenol content of the samples and the optical parameters. The program was designed so that at each step in the regression process, the variable with the highest partial correlation will enter the regression equation. Before a variable is accepted, the variables already in the equation are tested and the variable which causes an insignificant increase in the error sum of squares is deleted from the regression. 
where P polyphenol content in percent, intercept, optical variable at wavelength n, and ~n regression coefficient for V n· Files 1 and 2 (Table 1) were obtained from a single file of 117 samples. The odd and even samples were split alternately into file 1 and file 2, respectively. Calibration of the system was based on the file 1 and performance of the COMP/SPEC was based on the use of this calibration to predict the other four files, including combined file 5. Table 1 shows the distribution of the polyphenols for each file. This information is essential· in evaluating the NIR method. For example, neither the standard error of calibration (SEc) nor the coefficient of determination (r 2 ) can be the only criterion of performance of the multiple linear regression for predicting levels of chemical constituents. A lower case r is used here to be distinguished from the reflectance R. Since the NIR method is a secondary method (i.e. it is calibrated against chemical methods of analysis) a high r 2 and a low SEe may be achieved by calibrating the NIR method for a given constituent against a set of samples having a narrow range of chemical composition. It is always advisable to calibrate with a set of samples that encompasses, and is distributed acros.s, the range of concentrations expected in the unknowns. Figure 2 shows a plot of reflectance R, log (1/R), d R/R d ' J.., and d 2 {log (1/R))/ d ' }. . 1 which are proportional to the solute in a non-scattering absorbing medium. Therefore they were all considered in this particular study. The log (1/R) spectra, with absorption shown as peaks or shoulders, have few definitive characteristics. Water, with absorption peaks at 1.45 J.tm and 1.94 !J.ffi, is the best documented of all the absorbers in tobacco. Enhancement of the R data by computation of dR/Rd'J.. and d 2 (log(1/R))/d'J.. 2 reveals the presence of subtle differences which are not visually perceptible in the R curves. Note that the absorption bands appear as positive-going zero crossings in the d R/R d ' J. . spectrum and as negative peaks in the d 2 
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Calibration and Analysis
As the number of steps used in the prediction equation increased from 1 to 15, the standard error of prediction (SEp) decreased up to the sixth step, then gradually in·· creased. Six to 9 steps in the prediction equation were about equally accurate. For several other chemical constituents in tobacco with which we have worked, six steps in the prediction equation have been adequate. Calibration and prediction data, based on the optical parameter d 2 (log (1/R)) Id A. 2 , are shown in Table 3 . Chemical methods are usually calibrated daily by analyzing samples with known concentrations at regular intervals. It is unlikely that the COMP/SPEC would be used without routine checks on calibration. The pre- • rz, coefficient of determination; SE,, standard error of calibration; CV,. coefficient of variation for calibration; SEP, standard error of prediction; CVP, coefficient of variation for prediction.
• diction plot of the COMP/SPEC for file 2 is shown in Figure 3b . In looking at this figure, remember that these are data based on 58 even-numbered samples (file 2, Table 1 ) from the same set of samples from which the calibration samples (file 1, If the set of calibration samples were large enough and highly representative of the population of the unknowns to be predicted, it is likely that the calibration could be used for any set of similar samples over the years without recalibration. Only instrument response checks would need to be made. Although file 1 does not represent the population of unknowns, it is interesting to see in Figure 4 how the system performed in predicting files from different years. Figure 4a gives the prediction on samples from file 3, 8. 50 .-----.~--r~--r~..,.---.--..,--..,.--,.--r-- .----,.------..------..------..------,,----,---,-....,.,---r-. ..,. length 2 corresponds to a very strong absorption at 2.440 11m. On the other hand, in Figure Sb (caffeic acid), the wavelengths 1 and 6 fall very close to a strong single absorber, while wavelength 2 lies near a very weak absorber. In Figure Se , the derivative spectrum of rutin, neither the pair of wavelengths 1 and 6 nor the wavelength 2 falls at absorption bands of rutin. It is surprising that rutin has no absorption bands at wavelengths 1 and 2 while caffeic acid does, especially since rutin, in many cases, constitutes approximately SO/o to 250/o of the total polyphenols in tobacco. Wavelengths 3, 4 and 5 appear to have less evidence to support their selection.
The basis for the selection of the first wavelength in the multiple linear regression model is based primarily on the correlation of spectral data with polyphenols. For 1og(1/R) ) I dA.2 spectra of three polyphenola. a) Chlorogenlc acid (the numbers on the vertical lines indicate the order in which the wavelengths were chosen by the SMLR program for predicting the total polyphenol content of tobacco). 
60
Wavelength (I'm) Figure 8 . Average d2(1og(1/R)) I d12 spectra of ten tobacco samples each at two levels of total polyphanols. a) Spectra for two levels of total polyphenols (vertical lines indicate the same as in Fig. 5} . ..
.. Wavelength example, when the moisture content is highly correlated to the total polyphenollevel, the moisture peak may be picked first. It is quite likely, since the algorithm makes intercorrelation che<:ks, that this first choice will be deleted when other wavelengths are added. If it is not, a further test of the first choice can be made by pro4 gramming the stepwise multiple linear regression model to select the first wavelength again, taking into consideration that the other 5 wavelengths have been added to the model. The first wavelength, 2.220 f.UD, was sub 4 jected to both of the above tests and in both cases the wavelength 2.220 f.UD was again included in the model. Thus, the model, and especially the first wavelength of the model, was considered to be valid. Figure 6a shows two average spectra. Spectrum A (solid line) is the average of 10 spectra of tobacco with an average polyphenol content of 0.840/o. Spectrum B (dotted line) is the average of 10 spectra; the average polyphenol content of the 10 samples used to produce the 10 spectra was 5.97{)/o. Only a cursory scan of the spectra shows that the two spectra have significant dif 4 ferences. Figure 6b is the difference spectrum obtained by subtracting data for spectrum B in Figure 6a from spectrum A. It is interesting to note that wavelength 1 falls at a point where there is a large difference. Thus, the first wavelength in the model is further substan· tiated.
SUMMARY
Two hundred thiny 4 eight ground samples of tobacco were scanned with a computerized near 4 infrared (NIR) spectrophotometer to study the relationship of NIR spectra to the polyphenol content of the samples. A mul 4 tiple linear regression model was used to select the most appropriate wavelengths for making the measurements. 
